How do borrowers respond to improvements in a lender's ability to punish defaulters? We implemented a randomized field experiment in Malawi examining the impact of fingerprinting of borrowers, which improves the lender's ability to withhold future loans from individuals who have previously defaulted while rewarding good borrowers with increased loan sizes. Study participants were smallholder farmers applying for input loans for growing a cash crop, paprika. Farmers were randomly allocated to either: 1) a control group, or 2) a treatment group that was fingerprinted as part of the loan application. Both treatment and control groups were given a presentation on the importance of credit history in ensuring future access to credit. For the subgroup of farmers with the highest ex ante default risk, fingerprinting led to substantially higher repayment rates. By contrast, fingerprinting had no impact on repayment for farmers with low ex ante default risk. Additional evidence indicates that, in the high-default-risk subgroup, fingerprinting resulted in higher repayment due to reductions in adverse selection (smaller loan sizes) and lower moral hazard (e.g., less diversion of fertilizer from the paprika crop).
Introduction
A central problem in many developing countries is the absence of a national system that allows individuals to be uniquely identified. Under these circumstances, loan defaulters can often avoid sanction by simply applying for new loans under different identities. Lenders respond by limiting the supply of credit, particularly in rural areas due to the inability to sanction unreliable borrowers and, conversely, to reward reliable borrowers with expanded credit.
As a result, many smallholder farmers are severely constrained by the inability to finance crucial inputs such as fertilizer and improved seeds, particularly for export crops.
The following quote from 1973 by Robert McNamara when he was the World Bank president exemplifies this view: "The miracle of the Green Revolution may have arrived, but for the most part, the poor farmer has not been able to participate in it. He simply cannot afford to pay for the irrigation, the pesticide, the fertilizer… For the small holder operating with virtually no capital, access to capital is crucial."
The idea that credit markets may be mired in problems of asymmetric information and imperfect enforcement is not new. The theoretical literature has characterized debtors as individuals who may not reveal their borrowing type truthfully (adverse selection), may fail to exert effort to maximize the profits of their productive enterprise (ex-ante moral hazard), may misreport their production output (ex-post moral hazard), or may default on the loan even when output was sufficient (opportunistic default).
Textbook treatments include Laffont and Martimort (2003) , Macho-Stadler and Perez-Castillo (2001), and Salanie (1997) . An emerging empirical literature has examined various aspects of the limited commitment problem in credit markets. Chiappori (forthcoming) surveys the literature related to developed countries. Gine and Klonner (2005) document that asymmetric information on Tamilnadu fishermen's ability affects their access to credit for technological innovations. Karlan and Zinman (forthcoming) conduct a field experiment that shows the significant role of adverse selection and moral hazard in loan defaults in South Africa. Ligon, Thomas and Worall (1999) and Paulson, Townsend, and Karaivanov (2006) provide empirical evidence on opportunistic default in India and Thailand respectively. Visaria (forthcoming) documents the positive impact of expedited legal proceedings on loan repayment among large Indian firms.
In this paper we implement a randomized field experiment to estimate the impact of biometric identification (fingerprinting) in a context-rural Malawi-where credit supply has been limited due to difficulties in enforcing sanctions against defaulters.
Fingerprinting makes the threat of future credit denial credible because it makes it easier for financial institutions to withhold new loans from past defaulters, and to reward responsible past borrowers with increased credit. This potentially reduces the various types of limited commitment problems outlined above and therefore raises repayment.
Adverse selection problems should decline, because in an environment of asymmetric information and credible ex post sanction, riskier individuals should take out smaller loans or avoid borrowing altogether. Borrowers should have greater incentives to ensure that production is successful, either by exerting more effort or choosing less risky projects (lower moral hazard), and-whenever production could cover the loan repayment-should be less likely to default intentionally or opportunistically.
In this study, smallholder farmers organized in groups of 15-20 members applied for agricultural input loans to grow paprika and were randomly allocated to either: 1) a control group, or 2) a treatment group where each member had a fingerprint collected as part of the loan application. Both treatment and control groups were given a training session on the importance of credit history in ensuring future access to credit.
For the subgroup of farmers with the highest ex ante default risk, fingerprinting led to substantially higher repayment rates. By contrast, fingerprinting had no impact on repayment for farmers with low ex ante default risk. Additional evidence indicates that higher repayment for the high-default-risk subgroup is due to reductions in adverse selection (smaller loan sizes) and lower moral hazard (more land devoted to paprika, and less diversion of fertilizer from the paprika crop).
The remainder of this paper is organized as follows. Section 2 describes the experimental design and survey data, Section 3 describes the regression specifications, and Section 4 presents the empirical results. Section 5 provides additional discussion and robustness checks, and Section 6 concludes.
Experimental design and survey data
The experiment was carried out as part of the Biometric and Financial Innovations in Rural Malawi (BFIRM) project, a cooperative effort among Cheetah Paprika Limited (CP) and the Malawi Rural Finance Corporation (MRFC). CP is a privately owned agribusiness company established in 1995 that offers extension services and high-quality inputs to smallholder farmers via an out-grower paprika scheme. 1 The farmer receives extension services and a package of seeds, pesticides and fungicides at subsidized rates in exchange for the commitment to sell the paprika crop to CP at harvest time. CP is by far the largest paprika purchaser in the country. 2 CP has a staff of six extension officers and 15 field assistants in the locations chosen for the study. The staff maintained a database of all current and past paprika growers and handled the logistics of supplying farmers with the package of inputs as well as the purchase and payment of the crop.
MRFC is a government-owned microfinance institution that provided financing for the in-kind loan package for 1/2 to 1 acre of paprika designed by CP. 3 Yield is computed under the conservative assumption that farmers will divert one 50 Kg bag of CAN fertilizer towards maize cultivation. While larger quantities of inputs would result in higher output for experienced paprika-growers, the package described here was designed by extension experts to maximize expected profits for novice, small-holder growers.
In keeping with standard MRFC practices, farmers were expected to raise a 20 percent deposit, and were charged interest of 33 percent per year (or 30 percent for repeat borrowers). Within a group, take-up of the loan was an individual decision, but the subset of farmers who took up the loan was told that they were jointly liable for each others' loans. In practice, however, joint liability schemes in Malawi are seldom enforced.
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The timeline of the experiment is presented in Figure 1 . Figure 2 illustrates the locations of the study areas on a map of Malawi.
Farmer clubs in the study were randomly assigned to be fingerprinted (treatment) or not (control), with an equal probability of being in either the treatment or control group. During the months of August and September of 2007, CP staff provided the list of all paprika growing clubs in each area to be visited that week, and the BFIRM team carried out the assignment of treatment status. Randomization was carried out after stratifying by geographical area (EPA) and week of club visit.
A club visit always included a survey and a training session. Both treatment and control groups were given a presentation on the importance of credit history in ensuring future access to credit. In addition, fingerprints were collected for treatment clubs, and in treatment clubs farmers were told how their fingerprint uniquely identified them for credit reporting to all major Malawian rural lenders. The training emphasized that defaulters would face exclusion from future borrowing, while borrowers in good standing could be rewarded with larger loans in the future, and that future credit providers would be able to access the applicant's credit history simply by checking his or her fingerprint.
Appendix A provides the script used during the training.
4 See Giné and Yang (2009) for another example of limited enforcement of joint liability loans. 5 A typical CP group has between 15 and 30 farmers and is organized around a paprika collection point. MRFC's lending groups have at most 20 farmers, so most of the CP groups participating in the study had to be split to be able to access MRFC's loans.
Loan applicants from fingerprinted clubs had their right thumb fingerprint recorded electronically during the loan application process. Members from the BFIRM team carried a laptop with a fingerprint scanner (FB80 Pro) connected to it. The laptop used the VeriFinger 5.0 software to collect fingerprints. 6 After they were collected, a demonstration program was used to show participants that the laptop was now able to identify an individual with only his or her fingerprint. One farmer was chosen at random, his or her right thumb was again placed on the scanner, and immediately his or her name along with the demographic information provided appeared on the screen. The control group was not fingerprinted, but as already mentioned, also received the same training emphasizing the importance of one's credit history and how it influences one's future credit access.
Prior to the training and the collection of fingerprints, farmers were administered a brief household socioeconomic survey. 7 The survey included questions on individual demographics (education, household size, religion), income generating activities and assets including detailed information on crop production and crop choice, livestock and other assets, risk preferences, past and current borrowing activities, and past variability of income. Summary statistics from the baseline survey are presented in Table 1 , and variable definitions are provided in Appendix B.
After the completion of the survey, the names and locations of the members that applied for loans were handed over to MRFC credit officers so that they could screen and approve the clubs according to their protocols. 
Balance of baseline characteristics across treatment vs. control groups
To confirm that the randomization across treatments achieved the goal of balance in terms of pre-treatment characteristics, Table 2 presents the means of several baseline variables for the control group as reported prior to treatment, alongside the difference vis-à-vis the treatment group (mean in treatment group minus mean in control group). We also report statistical significance levels of the difference in treatment-control means.
These tests are presented for both the full baseline sample as well as the loan recipient sample.
Overall, there is substantial balance between the two groups in both the full baseline sample and the loan recipient sample. In the full baseline sample, the difference in means for the treatment and control groups is not significant for any of the 11 baseline variables. In the loan recipient sample, for 10 out of these 11 baseline variables, the difference in means between treatment and control groups is not statistically significantly different from zero at conventional levels, and so we cannot reject the hypothesis that the means are identical across treatment groups. For only one variable, the indicator for the study participant being male, is the difference statistically significant (at the 10% level):
the fraction male in the treatment group is 6.6 percentage points lower than in the control group.
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8 While a natural question at this point is whether selection into borrowing was affected by treatment status, treatment and control groups did not differ in their rates of MRFC loan approval or the fraction of farmers who ended up with a loan (as will be detailed in the results section below). 10 It will turn out, however, that the regression results to come are not substantially affected by the inclusion or exclusion in the regressions of a large set of control variables (including the "male" indicator).
Regression Specification
Because the treatment is assigned randomly at the club level, its impact on the various outcomes of interest (say, repayment) can be estimated via the following regression equation:
(1)
where Y ij = repayment outcome for individual i in club j (e.g., equal to 1 if repaying in full and on time, and 0 otherwise), B j is biometric identification (1 if fingerprinted and 0 if not), and X ij is a vector of club and individual farmer characteristics collected at baseline. ε ij is a mean-zero error term. Treatment assignment at the club level creates spatial correlation among farmers within the same club, so standard errors must be clustered at the club level (Moulton 1986 ). Inclusion of the vector X ij of baseline characteristics can reduce standard errors by absorbing residual variation. In our case, we include the baseline characteristics reported in Table 1 , as well as indicators for the two stratification variables (loan officer fixed effects and week of loan offer fixed effects) and all interactions between the dummy variables for loan officer and week of loan offer.
The coefficient β on the biometric treatment status indicator is the impact of being fingerprinted on the dependent variable of interest.
We also examine the interactions between the randomized treatment and baseline characteristics. In particular we are interested in the ex-ante probability of default. For example, it may be the case that those whose ex-ante characteristics make them more likely to default on the loan see larger improvements in repayment in response to fingerprinting, compared to individuals who are very likely to repay. To test this question, the following regression equation is useful:
(2)
D ij is a variable representing the individual's predicted likelihood of repayment (its main effect is included in the vector X ij ). The coefficient ρ on the interaction term B j * D j reveals the extent to which the impact of biometric identification's on repayment varies according to the borrower's predicted repayment.
To implement equation (2) 
Empirical Results: Impacts of Fingerprinting
This section presents our experimental evidence on the impacts of fingerprinting on a variety of inter-related outcomes. We examine impacts on loan approval and borrowing decisions, on repayment outcomes, and on intermediate farmer actions and outcomes that may ultimately affect repayment.
Tables 3 through 7 will present regression results from estimation of equations (1) and (2) in a similar format. In each table, each column will present regression results for a given dependent variable. Panel A will present the coefficient on treatment (fingerprint) status from estimation of equation (1).
Then, to examine heterogeneity in the effect of fingerprinting, Panels B and C will present results from estimation of versions of equation (2) where fingerprinting is interacted linearly with predicted repayment (Panel B) or with dummy variables for quintiles of predicted repayment (Panel C). In both Panels B and C the respective main effects of the predicted repayment variables are also included in the regression (but for brevity the coefficients on the predicted repayment main effects will not be presented). In Panel C, the main effect of fingerprinting is not included in the regression, to allow each 11 We calculate standard errors for regressions in the form of equation (2) from 200 bootstrap replications.
In each replication, we re-sample borrowing clubs from our original data, compute predicted repayment based on the new sample, and re-run the regression in question using the new value of predicted repayment for that replication.
of the five quintile indicators to be interacted with the indicator for fingerprinting in the regression. Therefore, in Panel C the coefficient on each fingerprint-quintile interaction should be interpreted as the impact of fingerprinting on borrowers in that quintile, compared to control group borrowers in that same quintile.
Finally, in Tables 3 through 7 the mean of the dependent variable in a given column will be given in the bottom row of the table.
A. Loan approval, take-up, and amount borrowed
The first key question to ask is whether fingerprinted farmers were more likely to have their loans approved by the lender, or were more likely to take out loans, compared to the control group. This question is important because the degree of selectivity in the borrower pool induced by fingerprinting status affects interpretation of any effects on repayment and other outcomes.
As it turns out, there is no indication that fingerprinting induced differential approval by the lender or loan-take-up by borrowers. Columns 1 and 2 of Table 3 present results from estimation of equations (1) and (2) for the full baseline sample where the dependent variables are, respectively, an indicator for the lender's approving the loan for the given farmer (mean 0.63), and an indicator for the farmer ultimately taking out the loan (mean 0.35).
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There is no evidence that the rate of loan approval or take-up differs substantially across the treatment and control groups on average: the coefficient on fingerprinting is not statistically different from zero in either columns 1 or 2, Panel A.
There is also no indication of selectivity in the resulting borrowing pool across While there is no indication that the pool of ultimate borrowers was itself substantially affected by fingerprinting, it does appear that -conditional on borrowingfingerprinted borrowers took out smaller loans. In Column 3 of Table 3 , the dependent variable is the total amount borrowed in Malawi kwacha (mean 16,912.60, or roughly US$121). Panel A indicates that loans of fingerprinted borrowers were MK 697 (roughly US$5) smaller than loans in the control group on average, a difference that is significant at the 10% level.
Inspecting the coefficients on the interactions of fingerprinting with predicted repayment, it appears that this effect is confined exclusively to borrowers in the lowest quintile of expected repayment. Differences between fingerprinted and non fingerprinted borrowers are small and not significant in quintiles two through four, but in quintile one, where fingerprinted borrowers take out loans that are smaller by MK 2,722 (roughly US$19) than those in the corresponding quintile in the control group, the difference is marginally significant (the t-statistic is 1.63).
We view this result -voluntarily lower borrowing amounts on the part of fingerprinted borrowers in the lowest quintile -as evidence that fingerprinting reduces adverse selection in the credit market, albeit on a different margin than is usually thought of in the credit context. The existing literature tends to emphasize that improved enforcement should lead low-quality borrowers to be excluded from borrowing entirelyin other words, the improvement of the borrower pool operates on the extensive margin of borrowing. Our result here that low-quality borrowers (those in the lowest quintile of predicted repayment) voluntarily take out smaller loans leads the overall loan pool in money terms to be less weighted towards the low-quality borrowers, but in this case the improvement in the borrowing pool operates on the intensive margin of borrowing, rather than the extensive margin.
Interpretation of subsequent differences in the repayment rates (discussed below)
should keep this result in mind. Improvements in repayment among fingerprinted borrowers (particularly among those in the lowest quintile) may in part result from their decisions to take out smaller loans at the very outset of the lending process and improve their eventual likelihood of repayment.
B. Loan repayment
How did fingerprinting affect ultimate loan repayment? Columns 1-3 of Table 4 present estimated effects of fingerprinting for the loan recipient sample on three outcomes: outstanding balance (in Malawi kwacha), fraction of loan paid , and an indicator for whether the loan is fully paid, all by September 30, 2009 (the official due date of the loan, after which the loan is officially past due).
Results for all three outcomes are similar: fingerprinting improves loan repayment, in particular for borrowers expected ex ante to have poorer repayment performance. Coefficients in Panel A indicate that fingerprinted borrowers have lower outstanding balances, higher fractions paid, and are more likely to be fully paid as of the due date (and the coefficient in the regression for fraction paid is statistically significant at the 10% level).
In Panel B, the fingerprinting/predicted repayment interaction term is statistically significantly different from zero at the 5% level for outstanding balance and the 1% level for the other two repayment outcomes. The effect of fingerprinting on repayment is larger the lower is the borrower's ex ante likelihood of repayment. In Panel C, it is evident that the effect of fingerprinting is isolated in the lowest quintile of expected repayment, with coefficients on the fingerprint-quintile 1 interaction all being statistically significantly different from zero at the 5% or 1% level and indicating beneficial effects of fingerprinting on repayment (lower outstanding balances, higher fraction paid, and higher likelihood of full repayment). Coefficients on other fingerprint-quintile interactions are all smaller in magnitude and not statistically significantly different from zero (with the exception of the negative coefficient on the fingerprint-quintile 5 interaction for fraction paid, which is odd and may simply be due to sampling variation).
The magnitudes of the repayment effect found for the lowest predicted-repayment quintile are large. The MK7,202.65 effect on outstanding balances amounts to 40% of the average loan size for borrowers in the lowest predicted-repayment quintile. The 49.9
percentage point increase in fraction paid and the 54.3 percentage point increase in the likelihood of being fully paid are also large relative to bottom quintile percentages of 62% and 52% respectively.
C. Intermediate outcomes that may affect repayment
In this section we examine decisions that farmers make throughout the planting and harvest season that may contribute to higher repayment among fingerprinted farmers.
The dependent variables in the remaining results tables (Tables 5-7) are available from a smaller subset of loan recipients (N=520) that were successfully interviewed in the August 2008 follow-up survey round.
13 Columns 4-6 of Table 4 present regression results for repayment outcomes that are analogous to those in columns 1-3, but where the sample is restricted to this 520-observation sample. The results confirm that the repayment results in the 520-observation sample are very similar to those in the overall loan recipient sample, in terms of both magnitudes of effects and statistical significance levels.
Land area allocated to various crops
One of the first decisions that farmers make in any planting season (that typically starts in November and December) is the proportion of land allocated to different crops. While none of the effects of fingerprinting in Table 5 (either overall in Panel A or in interaction with predicted repayment in Panels B and C) are statistically significant at conventional levels, there is suggestive evidence that there is an impact of fingerprinting on land allocation for borrowers in the first predicted-repayment quintile. In this group, the effect of fingerprinting on land allocated to paprika (column 5, first row of Panel C) is marginally significant (with a t-statistic of 1.63) and positive, indicating that fingerprinting leads farmers to allocate 8.3 percentage points more land to paprika.
It is worth considering that the effect on land allocated to paprika may be smaller than it might be otherwise because preparing and allocating land took place earlier in the agricultural season than our treatment. If land is less easily reallocated from one crop to another, then we would anticipate smaller short run effects on land allocation than the use of inputs such as fertilizer and chemicals (to which we turn next). In the long run, when farmers incorporate the additional cost of default due to fingerprinting into their agricultural planning earlier in the season, we might find larger impacts on land allocation.
Inputs used on paprika
After allocating land to different crops, the other major farming decision made by farmers is input application. Input allocation takes place later in the agricultural cycle than land allocation, and agricultural inputs are more fungible than land. Also, inputs are added multiple times throughout the season, so farmers can incorporate new information about the costs of default into their use of inputs but cannot change land allocation after planting. Thus, we may expect use of inputs to respond more quickly to the introduction of fingerprinting than would allocation of land. inputs together. Columns 6 and 7 look at, respectively, manure application (denominated in kilograms because this input is typically produced at home and not purchased) and the number of times farmers weeded the paprika plot. We view the manure and weeding dependent variables as more purely capturing labor effort exerted on the paprika crop, while the other dependent variables capture both labor effort and financial resources expended.
The results for paid inputs (columns 1-5) indicate that -particularly for farmers with lower likelihood of repayment -fingerprinting leads to higher application of inputs on the paprika crop. In Panel B, the coefficients on the fingerprint-predicted repayment interaction are all negative in sign, and the effects on the use of fertilizer and paid inputs in aggregate are statistically significantly different from zero. In Panel C, the coefficient on the fingerprint-quintile 1 interaction is positive and significantly different from zero at the 5% confidence level for spending on seeds and is marginally significant for spending on fertilizer (t-statistic 1.44) and for all paid inputs (t-statistic 1.55). The negative and significant impact on use of paid labor in the fourth quintile is puzzling and may be attributable to sampling variation.
Results for inputs not purchased in the market are either nonexistent or ambiguous. No coefficient is statistically significantly different from zero in the regressions for manure (column 6) or times weeding (column 7).
In sum: for borrowers with lower likelihoods of repayment, fingerprinting leads to increased expenditure of financial resources on market-purchased inputs used in growing paprika. While this effect is often only marginally significant for borrowers in the lowest predicted repayment quintile, the magnitudes in that quintile are substantial. For the lowest predicted-repayment subgroup, fingerprinted farmers used MK6,541 (US$47) more paid inputs in total, which is substantial compared to the mean in the lowest predicted-repayment subgroup of MK7,440 (US$53).
Farm profits
Given these effects of fingerprinting on intermediate farming decisions such as land allocation and input use, what is the effect on agricultural revenue and profits?
Columns 1-3 of Table 7 present regression results where the dependent variables are market crop sales, the value of unsold crops, and profits (market sales plus value of unsold crops minus value of inputs used), all denominated in Malawi kwacha. The magnitude of the differences between the value of sales, unsold harvest, and overall profits for fingerprinted and non fingerprinted farmers overall (Panel A), and in the bottom two quintiles (Panel C) is large and positive, the effects are imprecisely estimated and not statistically significant.
To help deal with the problem of outliers in the profit figures, column 4 presents regression results where the dependent variable is the natural log of agricultural profits.
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The effect of fingerprinting in the bottom quintile of predicted repayment is positive but not statistically significant (t-statistic 1.11).
In sum, then, it remains possible that increased use of paid inputs led ultimately to higher revenue and profits among fingerprinted farmers in our sample, but the imprecision of the estimates prevents us from making strong statements in this regard.
Discussion and additional robustness checks
In sum, the results indicate that for the lowest predicted-repayment quintile, fingerprinting leads to substantially higher loan repayment. In seeking explanations for this result, we have provided evidence that for this subgroup fingerprinting leads farmers to take out smaller loans, devote more land to paprika, and apply more inputs on paprika.
We view these results so far as indicating that -for the farmers with the lowest ex ante likelihood of repaying their loans -fingerprinting leads to reductions in adverse selection and ex-ante moral hazard. The reduction in adverse selection (a reduction in the riskiness of the loan pool) comes about not via the extensive margin of loan approval and take-up, but through farmers' decisions to take out smaller loans if they are fingerprinted (the intensive margin of loan take-up).
Ex-ante moral hazard is the problem that borrower behavior that is unobserved to the lender may be detrimental for repayment. We interpret changes in intermediate outcomes and behaviors -such as increased land use and input application for paprikaas reductions in ex-ante moral hazard. It is possible that in the absence of fingerprinting, borrowers in the lowest predicted-repayment subgroup were not using the paprika inputs received via the loan transaction on their farms for paprika (they could, for example, been selling them in the market or bartering them away). Then when such borrowers were fingerprinted, they became more likely to use the inputs as intended, expanding land allocated to paprika and using the inputs on that crop as the loan required.
Evidence for a reduction in ex-post moral hazard
Reductions in ex-ante moral hazard help encourage higher loan repayment by improving farm output so that farmers have higher incomes with which to make loan repayments. Reductions in adverse selection -reduced loan sizes for the "worst" borrowers -also help increase repayment performance. But a question that remains is whether any of the increase in repayment is due to reductions in ex-post moral hazard. In other words, are there reductions in strategic or opportunistic default by borrowers, holding constant loan size and farm profits?
We investigate this by running regressions for repayment outcomes analogous to regressions in columns 4-6 of Table 4 , but where we include as independent variables in the regression controls for agricultural profits and the total originally borrowed. 17 The profits and total borrowed variables are flexibly specified as indicators for the borrower 17 We limit ourselves to the 520-observation sample because of the need to control for profits, which was only observed among those in the August 2008 survey.
being in the 1 st through 10 th decile of the distribution of the variable (one indicator is excluded in each resulting group of 10 indicators, so there so there are 18 additional variables in each regression.)
We cannot reject the hypothesis that fingerprinting has no effect on repayment once we control for agricultural profits and original loan size. Coefficient estimates that were previously statistically significant in columns 4-6 of Table 4 are now uniformly smaller in magnitude and not statistically significantly different from zero. Indeed, the previously significant coefficients on the fingerprint * quintile 1 interaction across the columns are roughly cut in half.
There is no evidence, therefore, that a reduction in ex-post moral hazardincreases in repayment even conditional on amount borrowed and agricultural profits -is also an important contributor to the increased repayment we observe among fingerprinted farmers in the lowest predicted-repayment quintile.
Are the results due to selection?
It is also important to ask whether any of observed impacts of fingerprinting could be due to selection. Several pieces of evidence help rule out this possibility. First of all, we have shown earlier (Table 2) that fingerprinting has no effect on the composition of the treatment and control groups according to baseline variables. In addition, we find no effect of fingerprinting in the distribution of borrowers across quintiles in the treatment and control groups. Finally, we show that there is no effect of fingerprinting on the predicted repayment index among borrowers, in the treatment control groups overall as well as in quintile-by-quintile comparisons. (Results are available from authors on request.)
Conclusion
For all the recent empirical work on the imperfections in credit markets in developing countries, to our knowledge is the first research that directly estimates the impact of improved enforcement on loan repayment in rural areas. Such an estimate is highly valuable from a theoretical standpoint in clarifying the extent to which imperfect enforcement contributes to high default rates and thus low supply of credit.
In discussions of potential public policies that can help increase the supply of credit to rural areas, an often-cited central priority is the establishment of institutions such as credit bureaus that can effectively create public information on a borrower's past borrowing history (Conning and Udry 2005, Fafchamps 2004 ). These findings also provide evidence for the benefits of establishing a national credit bureau in Malawi (and elsewhere) to centralize such information that uses fingerprints as the unique identifier.
Appendix A: Biometric training script Benefits of Good Credit
Having a record of paying back your loans can help you get bigger loans or better interest rates.
Credit history works like trust. When you know someone for a long time, and that person is honest and fair when you deal with him, then you trust him. You are more likely to help him, and he is more likely to help you. You might let him use your hoe (or something else that is important to you), because you feel sure that he will give it back to you. Banks feel the same way about customers who have been honest and careful about paying back their loans. They trust those customers, and are more willing to let them borrow money.
MRFC already gives customers who have been good borrowers a reward. It charges them a lower interest rate, 30 percent instead of 33 percent. That means that for the loan we have described today, someone who has a good credit history would only have to pay back 8855, instead of 8971.
Another way that banks might reward customers they trust is by letting them borrow bigger amounts of money. Instead of 7700 MK to grow one acre of paprika, MRFC might lend a trusted customer 15400, to grow two acres.
To earn trust with the bank, and get those rewards, you have to be able to prove to the bank that you have taken loans before and paid them back on time. You can do that by making sure that you give the bank accurate information when you fill out loan applications. But if you call yourself John Jacob Phiri one year, and Jacob John Phiri the next year, then the bank might not figure out that you are the same person, so they won't give you the rewards you have earned.
Costs of Bad Credit
But trust can be broken. If your neighbor borrows your radio and does not give it back or it gets ruined, then you probably wouldn't lend him anything else until the radio had been replaced.
Banks work the same way. If you take a loan and break the trust between yourself and the bank by not paying back the loan, then the bank won't lend to you again. This is especially true if you have a good harvest but still choose not to pay back the loan.
When you apply for a loan, one of the things that a bank does to decided whether or not to accept your application is that it looks in it's records to see if you have borrowed money before. If you have borrowed but not paid back, then you will be turned down for the new loan. This is like you asking your neighbors if someone new shows up in the village and asks you to work for him. You might first ask around to see if the person is fair to his employees and pays them on time. If you learn that the person does not pay his workers, then you won't work for him. Banks do the same thing by checking their records.
MRFC does not ever give new loans to people who still owe them money. And MRFC shares information about who owes money with other banks, so if you fail to pay back a loan from MRFC, it can stop you from getting a new loan from OIBM or another lender, also
Remainder of script is administered to fingerprinted clubs only

Biometric Technology
Fingerprints are unique, which means that no two people can ever have the same fingerprints. Even if they look similar on a piece of paper, people with special training, or special computer equipment, can always tell them apart.
Your fingerprint can never change. It will be the same next year as it is this year. Just like the spots on a goat are the same as long as the goat lives, but different goats have different spots.
Fingerprints can be collected with ink and paper, or they can be collected with special machines. This machine stores fingerprints in a computer. Once your fingerprint is stored in the computer, then the machine can recognize you, and know your name and which village you come from, just by your fingerprint! The machine will recognize you even if the person who is using it is someone you have never met before. The information from the machines is saved in many different ways, so if one machine breaks, the information is still there. Just like when Celtel's building burned, people's phone numbers did not change.
Administer the following after all fingerprints have been collected:
Demo Now, I can figure out your name even if you don't tell me. Will someone volunteer to test me? (Have a volunteer swipe his finger, and then tell everyone who it was).
The bank will store information about your loans with your fingerprint. That means that bank officers will know not just your name, but also what loans you have taken and whether or not you have paid them back. They will be able to tell all of this just by having you put your finger on the machine.
Before, banks used your name and other information to find out about your credit history. But now they will use fingerprints to find out. This means that even if you tell the bank a different name, they will still be able to find all of your loan records. Names can change, but fingerprints cannot.
Having your fingerprint on file can make it easier to earn the rewards for good credit history that we talked about earlier. It will be easy for the bank to look up your records and see that you have paid back your loans before. It will also be easier to apply for loans, because there will be no new forms to fill out in the future! But, having your fingerprint on file also makes the punishment for not paying back your loan much more certain. Even if you tell the bank a different name than you used before, or meet a different loan officer, or go to a different branch, the bank will just have to check your fingerprint to find out whether or not you paid your loans before. Having records of fingerprints also makes it easy for banks to share information. Banks will share information about your fingerprints and loans. If you don't pay back a loan to MRFC, OIBM will know about it!
Appendix B: Variable definitions [TO BE ADDED] Appendix C: Construction of predicted repayment variable
To construct the predicted repayment variable, we first limit the sample to individuals in the control group (N=563), and run a regression of a repayment outcome (fraction of loan repaid by September 30, 2008) on various farmer-and club-level baseline characteristics. Conceptually, the resulting index will be purged of any bias introduced by effects of fingerprinting on repayment because it is constructed using coefficients from a regression predicting repayment for only the control or nonfingerprinted farmers.
Appendix Table 2 presents results from this exercise. Statistically significant results in column 1, which only includes farmer-level (individual) variables on the righthand-side, indicates that older farmers and those who do not self-identify as risk-takers have better repayment performance on the loan. Inclusion of a complete set of fixed effects for loan officer * week of initial loan offer interactions raises the R-squared substantially (from 0.05 in column 1 to 0.46 in column 2). The explanatory power of the regression is marginally improved further in column 3 (to an R-squared of 0.48) when the age and education are broken up into categorical variables (instead of being entered linearly).
We then take the coefficient estimates from column 3 of Appendix Table 2 and predict the fraction of loan repaid for the entire sample (both control and treatment groups). This variable, which we call "predicted repayment", is useful for analytical purposes because it is a single index that incorporates a wide array of baseline information (at the individual and locality/ loan officer level) correlated with repayment outcomes. Stars indicate significance at 10% (*), 5% (**), and 1% (***) levels.
Loan recipient sample Full baseline sample
Notes: Each row presents mean of a variable in the baseline (September 2008) survey in the control group, and the difference between the treatment group mean and the control group mean of that variable (standard error in parentheses). Differences and standard errors calculated via a regression of the baseline variable on the treatment group indicator; standard errors are clustered at the club level. Stars indicate significance at 10% (*), 5% (**), and 1% (***) levels. Notes: Each column presents estimates from three separate regressions: main effect of fingerprinting in Panel A, linear interaction with predicted repayment in Panel B, and interactions with quintiles of predicted repayment in Panel C. All regressions include credit officer * week of initial loan offer fixed effects, baseline characteristics (male, five-year age categories, one-year education categories, and marriage), and baseline risk indicators (dummy for self-reported risk-taking, days of hunger in the previous season, late payments on previous loans, standard deviation of income, years of experience growing paprika, dummy for default on previous loan, and dummy for no previous loans). Standard errors on Panel A coefficients are clustered at the club level, while those in Panels B and C are bootstrapped with 200 replications and club-level resampling. Stars indicate significance at 10% (*), 5% (**), and 1% (***) levels. Notes: Each column presents estimates from three separate regressions: main effect of fingerprinting in Panel A, linear interaction with predicted repayment in Panel B, and interactions with quintiles of predicted repayment in Panel C. All regressions include credit officer * week of initial loan offer fixed effects, baseline characteristics (male, five-year age categories, one-year education categories, and marriage), and baseline risk indicators (dummy for self-reported risk-taking, days of hunger in the previous season, late payments on previous loans, standard deviation of income, years of experience growing paprika, dummy for default on previous loan, and dummy for no previous loans). Stars indicate significance at 10% (*), 5% (**), and 1% (***) levels. Notes: Each column presents estimates from three separate regressions: main effect of fingerprinting in Panel A, linear interaction with predicted repayment in Panel B, and interactions with quintiles of predicted repayment in Panel C. All regressions include credit officer * week of initial loan offer fixed effects, baseline characteristics (male, five-year age categories, one-year education categories, and marriage), and baseline risk indicators (dummy for self-reported risk-taking, days of hunger in the previous season, late payments on previous loans, standard deviation of income, years of experience growing paprika, dummy for default on previous loan, and dummy for no previous loans). Stars indicate significance at 10% (*), 5% (**), and 1% (***) levels. Notes: Each column presents estimates from three separate regressions: main effect of fingerprinting in Panel A, linear interaction with predicted repayment in Panel B, and interactions with quintiles of predicted repayment in Panel C. All regressions include credit officer * week of initial loan offer fixed effects, baseline characteristics (male, five-year age categories, one-year education categories, and marriage), and baseline risk indicators (dummy for self-reported risk-taking, days of hunger in the previous season, late payments on previous loans, standard deviation of income, years of experience growing paprika, dummy for default on previous loan, and dummy for no previous loans). Standard errors on Panel A coefficients are clustered at the club level, while those in Panels B and C are bootstrapped with 200 replications and club-level resampling. Sample limited to individuals who took out loans in 2008 and who were included in follow-up survey in 2009. Value of unsold harvest computed using regional prices. Stars indicate significance at 10% (*), 5% (**), and 1% (***) levels. Notes: Each column presents estimates from three separate regressions: main effect of fingerprinting in Panel A, linear interaction with predicted repayment in Panel B, and interactions with quintiles of predicted repayment in Panel C. All regressions include credit officer * week of initial loan offer fixed effects, baseline characteristics (male, five-year age categories, one-year education categories, and marriage), and baseline risk indicators (dummy for self-reported risk-taking, days of hunger in the previous season, late payments on previous loans, standard deviation of income, years of experience growing paprika, dummy for default on previous loan, and dummy for no previous loans Stars indicate significance at 10% (*), 5% (**), and 1% (***) levels. Notes: Each column presents estimates from three separate regressions: main effect of fingerprinting in Panel A, linear interaction with predicted repayment in Panel B, and interactions with quintiles of predicted repayment in Panel C. All regressions include credit officer * week of initial loan offer fixed effects, baseline characteristics (male, five-year age categories, one-year education categories, and marriage), and baseline risk indicators (dummy for self-reported risk-taking, days of hunger in the previous season, late payments on previous loans, standard deviation of income, years of experience growing paprika, dummy for default on previous loan, and dummy for no previous loans). Standard errors on Panel A coefficients are clustered at the club level, while those in Panels B and C are bootstrapped with 200 replications and club-level resampling. Stars indicate significance at 10% (*), 5% (**), and 1% (***) levels. Notes: Sample is non-fingerprinted loan recipients from the September 2008 baseline survey. All standard errors are clustered at the club level.
Appendix
Robust standard errors in parentheses
